ABSTRACT Climate change and urbanization are the main factors involved in increasing cities' susceptibility to flood events. Extreme rainfall events are occurring more often due to climate change and this, together with the effect of impermeable surfaces, means that the runoff increases. Consequently, the existing stormwater drainage systems need to be adapted. One solution to adapt these systems would be to include infrastructure elements, such as storage units, in the hydraulic network to control flow and reduce peak flows.
INTRODUCTION
Climate change and greater urbanization has led to cities being more susceptible to natural hazards like floods [1] . These natural phenomena endanger people and property and can affect economic activities.
The change in rainfall and surface flow patterns requires an adjustment of the existing urban stormwater drainage systems. One solution to adapt these systems would be to include appropriate structures such as storage units (SUs) in the hydraulic network, to control flow and reduce peak flows.
Given the importance, complexity and high cost of implementing these infrastructure elements, the right techniques must be used to define the best solutions. An efficient drainage system should be able to collect the rainfall runoff and prevent flooding, or at least drastically reduce any damage. The best solution will be the one that minimizes a cost function including both the cost of implementing SUs and the cost of flood damage. This includes damage to the affected buildings, according to their characteristics and the flood depth. This paper presents a decision support model for the optimal siting and sizing of SUs with flow control in urban stormwater systems where flood events are frequent. An optimization model has been developed to properly represent the decisions. It embeds discreet variables and nonlinear functions, and simultaneously respects the hydraulic laws and complies with all other relevant regulatory aspects. Therefore a heuristic algorithm is required to solve it [2] . A computer program, OptSU, was developed to implement the model. It includes a resolution method based on a simulated annealing algorithm (SAA) that calls upon a hydraulic simulator whenever necessary. The decision model is then tested on a case study inspired by a real urban stormwater system in Portugal.
METHODOLOGY
OptSU is a user-friendly computer program written in Visual Basic, developed to implement the decision support model. The model optimally defines the construction and maintenance costs of SUs, as well as the cost of damage resulting from floods during periods of intense rainfall. The SUs are assumed to be covered concrete structures with vertical walls. An orifice is used to control each SU's downstream flow and allow an efficient flow control throughout the network. The model has inundation and capacity constraints that define limits for floods and for SU dimensions. The behaviour of the drainage network must be consistent with the physical laws of hydrology and hydraulics. Therefore, the variation of the water depths and flows in the drainage network caused by a rainfall event are determined by the widely used hydraulic simulator EPA-SWMM [3] . OptSU runs the SAA for each assessed solution and calls the hydraulic simulator when necessary.
Decision model
This section presents an optimization model for siting and sizing the SUs. Figure 1 shows a schematic representation of an SU implemented in a hydraulic network, including the main variables of the decision model. The decision model is formulated as follows: NSU -maximum number of SUs to be implemented in the system; Q out -flow at the outfall node;
Q max out -maximum flow at the outfall node;
V min j , and V max j , -minimum and maximum volume of the SU at node j , respectively; φ min j , and φ max j , -minimum and maximum SU outlet (orifice) diameter at node j, respectively;
V max i surch , -maximum local flooding (surcharged) volume at node i. The first term of the objective function (OF) is the total cost of all the implemented SUs. The second term is the total flood damage cost, which is derived from the total damage occurring in all the affected buildings in the study area. The θ factor in the second term allows decision makers to assign the importance of the flooding impacts and enables a better understanding of the tradeoffs between the two terms. This coefficient can also be applied as a penalty to prevent flooding impacts.
Constraint (2) defines the necessary volume of SU at node j , resulting from the mass balance between the flow arriving to the SU and the amount of outflow that can reduce downstream flooding. Constraint (3) represents the flood constraints by specifying the limits to the surcharged flows that must be confirmed. A decision maker can allow a certain level of maximum flooding at each node, i. The surcharged flood at a downstream node i depends on the inlet flows of the SU at node j , and on the respective outlet diameter, which limits the outlet flows of the SU. The calculations associated with constraints (2), and (3) are performed by the hydraulic simulator EPA-SWMM. Constraint (4) defines the inundation depth in each building k that depends on the surcharged volume at node i, located in the influence area affecting that building, as well as the characteristics of that area. Constraint (5) limits the number of SUs to a maximum of NSU. Constraints (6) and (7) ensure that the volume at an SU node j is larger than its pre-defined minimum size and smaller than its pre-defined maximum capacity (according to the available space in that location). Constraints (8) and (9) ensure that the outlet diameter at an SU node j is larger than its pre-defined minimum value (very small diameters are likely to become clogged) and smaller than its pre-defined maximum value (that is, the diameter in the downstream conduit). Constraint (10) limits the flow at the outfall node to a maximum of Q out max . Constraint (11) states that y i are binary variables and (12) represents a non-negativity constraint.
Cost functions
As mentioned above, the OF consists of two terms: the SU construction and maintenance costs and the flood damage costs.
The SU costs can be quantified by means of a function including two terms: a fixed cost, which does not depend on the storage volume of the SU, and a variable cost term, which does. This function can be represented by S V A bV
. Parameter A represents the fixed costs, b and c are parameters of the variable cost term. Usually, for this kind of infrastructure element the parameter c takes values less than 1, i.e. the variable cost term expresses an economy of scale. The maintenance costs over the time period can be added to the function as a percentage of the construction cost after being converted to its present value.
Depth-damage curves are the main tools to assess the damage caused by a flood event. These curves are functions that estimate the relation between the inundation depth and the damage caused by the flood event. The damage is given as a percentage of the taxable value of the affected element depending on the flood depth affecting the building. These curves depend on a set of local characteristics of the affected area as well as on the impact characteristics of the flood. Examples of local characteristics are the buildings/land use type, the construction materials and the preparedness of the population for a flood event. The impact characteristics include the inundation depth, flow velocity, duration of inundation and water contamination [4] . These curves ( ) d k usually represent damage to the buildings as well as to its contents, depending on the flood depth ( ) h k affecting the building. One possible method to determine the damage caused by a flood event is through the product of three amounts: the damage percentage, given by the depth-damage curves, multiplied by the taxable value of the building ( ) e k by square meter and by the buildings area ( ) A k . Therefore, the second term of the OF is calculated by means of the following function:
Solution methods
OptSU solves the model by using the SAA, which calls on the hydraulic simulator when necessary. Modern heuristics based in nature and physics analogies have become popular in recent years. This technique applies strategies that avoid local optimal solutions [5] . The SAA in particular [6] can be used to solve optimization models involving complex systems. The SAA has been used in many models for hydraulic systems planning, with notable results [7, 8] .
A typical SAA run consists of a number of successive (random) neighbourhood moves in the problem search space. The SAA is controlled by a set of parameters, of which the most important is the temperature. Initially, when the temperature is high, a large variety of candidate solutions can be accepted. As the temperature falls during the process, according to a predefined cooling schedule, there is less likelihood of accepting poor solutions. Starting from an initial solution, the SAA progressively searches for new candidate solutions until the stopping criterion is met.
In each SAA assessed solution, the information regarding the hydraulic network behaviour is exchanged between EPA-SWMM and the optimization algorithm through a toolkit [9] . OptSU accesses and modifies the network data, for example the generation of new candidate solutions, according to the SAA.
CASE STUDY
The proposed methodology was tested on a case study inspired on a real network from an urban area in Portugal. The case study demonstrates and evaluates the behaviour of the model based on cost minimization. The region has a total area of 16.6 ha. Based on IDF curves, the alternating block method was used to obtain a 2 hours design storm with a return period of 100 years.
The cost of the SUs was estimated using a function determined by Wiegand et al. [10] . It was also assumed that the annual maintenance cost is a percentage of the construction cost and, according to Narayanan and Pitt [11] , they are between 3 and 5% of the total construction cost. Therefore, taking the maintenance cost as 3% of the total construction cost, an interest rate of 5% and a time period of 40 years, the function giving the present value of the SU total costs for the year of 2015 is represented in Fig. 2 .
The damage is evaluated with three depth-damage curves, one for each building type: residential, commercial and public facilities. The taxable unit value by square meter is an average of the existing buildings for each land use type. Figure 3 represents the product between each land use type curve and its respective taxable value. These functions consider the damage to both the affected buildings and their contents, according to the flood depth in each building.
The reference situation (the current situation with no SUs implemented), has a total flooding of 2,416 m 3 in the nodes of the system, amounting to a total damage cost of 2.55 million euros. The study area and the flood depths in each influence area are shown in Fig. 4 .
Theoretically, an SU could be implemented at any point in the network and then the optimization model would provide a solution based on the specific goals of the problem. However, this would result in a very complex and computationally demanding problem. A pre-evaluation of the existing network and the reference situation can lead to the number of potential SU locations being reduced. This evaluation should consider the space available and feasibility of implementing SUs.
For this case study, after analysing the urban characteristics and the reference situation in terms of flooding, six possible locations for the implementation of SUs were defined (Fig. 5 ). The minimum volume of each SU was assumed to be 100 m 3 and the maximum volume 2,000 m 3 . The outlet downstream of a SU can have a minimum diameter of 25% of the maximum diameter of the downstream conduit cross section.
Two examples were designed for the case study. They differ in the importance given to the flood damage costs (weight factor -θ). The weight factor for flood damage can vary, for example, from 1 (important) to 5 (very important), thus showing how can it affect the results. Therefore, the examples are: Example A, with θ = 1; Example B, with θ = 5. Table 1 summarizes the SUs' results (location, volume, outlet diameter and cost), flood results (volume and damage expenses), and the total cost for each example.
Results
Flooding volumes and total cost reductions of 71% and 84%, respectively, (98% of damage cost reduction) were found for Example A. These figures represent significantly lower costs than those of the reference situation. That is because the optimization model not only reduces flooding volumes, it also prevents inundations in influence areas that would affect more buildings (or those with a higher unit value). Therefore, it sites the rest of flooding volumes in nodes away from those influence areas. Figure 6 represents the flood depths for Example A, where it is possible to see that the depths are much lower than in the reference situation. It can be noted that the flooded areas only affect a few buildings and none of them has commercial use (which have the highest unit values).
Flooding volumes and total cost reductions of 72% and 82%, respectively, (99% of damage cost reduction) were found for Example B. Flooding volumes fell 72% relative to the reference situation. The majority of the SUs have bigger dimensions than Example A, with SU1 having the maximum volume allowed. SU5, the only one smaller than those in Example A, has the minimum volume allowed since in this example bigger volumes are stored in the upstream SUs and in addition there is the downstream SU6, also with the minimum volume. Even though SU5 and SU6 have the minimum volume and the maximum allowed orifice diameters, a closer look at the results show that their storage volumes are important since they reach their maximum storage at some point during the runoff.
In terms of flood depths, Example B (Fig. 7) is very similar to Example A, even though the total flooding volume is slightly lower. The difference between the examples is relatively small but it is still possible to understand the effects of the different weight factors assigned to the flood damage costs. The construction of SU6 eliminates the flooding volume in one of the flooded influence areas of Example A. Although the total storage volume in Example B is 34% greater than in Example A, the total cost of the SUs is only 19% higher. That is because of the economies of scale effect. In contrast, the damage cost in Example B is 28% lower than in Example A. Because of that, and since the weight factor is higher, Example B results in a solution with lower damage costs than Example A, but which is more expensive overall (13%). Then, it is up to the decision maker to decide if the reduction in flood damage economic and socially offsets the increase in the SUs' construction cost.
However, these examples show that increasing the damage cost weight factor does not significantly reduce the inundations. This is probably related to the possible sites considered for the SUs, since the influence areas where the flooding occurs are upstream of them. However, the implementation of SUs in those upstream nodes is not viable due to local constraints. SU2 is not used in either example since its node and its downstream nodes are located in influence areas where the flooding volumes do not affect any building, thus causing no damage. Therefore, there is no need to reduce the flooding volume there. Moreover, SU3 is located slightly downstream of SU2.
CONCLUSIONS
This article describes a decision support model and its computational application, OptSU, for the optimal siting and sizing of SUs in urban stormwater systems. The SAA and the EPA-SWMM hydraulic simulator were used to solve the model. OptSU has been tested on a case study based on a real urban stormwater system in Portugal by applying the methodology to two examples that varied only in the flood damage cost weight factor.
As expected, both examples had a large reduction of the flooding volumes, in particular regarding the flooding damage, and thus the total cost. However, they had different reductions. In Example A, assigning the same importance to flood damage and to SU costs led to a total cost reduction of 84%. In Example B the total cost reduction was slightly lower (82%). Increasing the weight factor results in the construction of larger SUs and consequently in a higher total cost, even with a greater reduction of the flood damage than Example A. Nev- ertheless, the model was efficient at finding minimum cost solutions that still have small flooding volumes but do not cause any significant damage. Both examples almost totally eliminated the damage in the reference situation (98% in Example A and 99% in Example B).
The cost functions considered for the construction and maintenance of SUs and for the damage cost estimation were based on literature functions for situations similar to the case study. In a real application, these curves should be determined for the specific study area. Regarding the depth-damage functions, it is important to note that since it is difficult to estimate all the possible damage and influencing parameters, this case study considered only the flooding depth affecting each building and the building/land use type.
Further developments of this study look at problems of climate change and the increase in urban development in order to obtain robust solutions that work properly in all possible scenarios.
